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Heterogeneous sensing in a multifunctional soft sensor 
for human-robot interfaces
Taekyoung Kim1,2,3, Sudong Lee1,2,3, Taehwa Hong1,2,3, Gyowook Shin1,2,3, 
Taehwan Kim1,2,3, Yong-Lae Park1,2,3*

Soft sensors have been playing a crucial role in detecting different types of physical stimuli to part or the entire 
body of a robot, analogous to mechanoreceptors or proprioceptors in biology. Most of the currently available soft 
sensors with compact form factors can detect only a single deformation mode at a time due to the limitation in 
combining multiple sensing mechanisms in a limited space. However, realizing multiple modalities in a soft sen-
sor without increasing its original form factor is beneficial, because even a single input stimulus to a robot may 
induce a combination of multiple modes of deformation. Here, we report a multifunctional soft sensor capable of 
decoupling combined deformation modes of stretching, bending, and compression, as well as detecting individ-
ual deformation modes, in a compact form factor. The key enabling design feature of the proposed sensor is a 
combination of heterogeneous sensing mechanisms: optical, microfluidic, and piezoresistive sensing. We charac-
terize the performance on both detection and decoupling of deformation modes, by implementing both a simple 
algorithm of threshold evaluation and a machine learning technique based on an artificial neural network. The 
proposed soft sensor is able to estimate eight different deformation modes with accuracies higher than 95%. We 
lastly demonstrate the potential of the proposed sensor as a method of human-robot interfaces with several ap-
plication examples highlighting its multifunctionality.

INTRODUCTION
Soft robotics has been studied to increase the adaptability of robots 
to their surroundings and to humans (1–10) for more efficient and 
safer collaboration and interaction. To improve the adaptability of 
robots, soft sensors have been actively developed by implementing 
different sensing mechanisms, such as the detection of electrical 
properties [e.g., resistance (11–16) and capacitance (17–22)] or op-
tical properties [e.g., light intensity (23–28) and wavelength (29–32)]. 
These soft sensors can be fabricated by combining different types of 
materials, including liquid [e.g., ionic liquids (33–39) and liquid metals 
(40–44)], nanomaterials [e.g., carbon nanotubes (45–49) and gold 
or silver nanowires (50–55)], conductive fabrics (21, 56–59), and op-
tical or optoelectronic materials [e.g., photodiodes, light-emitting 
diodes (LEDs), and waveguides (23–28)]. They can play a crucial 
role in detecting different types of physical stimuli to part or the 
entire body of a robot, analogous to mechanoreceptors or proprio-
ceptors in biology.

However, most currently available soft sensors are based on a 
single sensing mechanism that can detect only one deformation 
mode at a time, although it can be responsive to more than one 
mode, such as compression, stretching, and bending. Microfluidic 
soft sensors change the electrical resistances of liquid-filled micro-
channels encapsulated by an elastomer matrix when compressed or 
stretched (11–16, 60–63). Soft optical waveguides cause an optical 
power loss in transmission when stretched or bent (25–28, 64, 65). 
Conductive fabric sensors change the capacitance between the two 
layers when stretched or compressed (21, 56–59). Although all of 
the sensors can be responsive to multiple types of physical deforma-

tion, they cannot distinguish the types of deformation with only a 
single sensing element.

In real-world robotics applications, because a single input stimulus 
to a robot may induce a combination of multiple modes of defor-
mation, realizing additional modalities in a soft sensor without in-
creasing its structural complexity or the form factor (the basic size 
necessary to realize the original sensing mode) is useful to under-
stand and control the response behaviors of the robot. There have 
been efforts to develop soft sensing structures with multimodalities 
for detecting different deformation modes simultaneously (66, 67). 
Multiple modalities in soft sensors can be enabled by various ap-
proaches. Examples include a multilayered elastomer structure em-
bedded with conductive fluidic channels (11, 68, 69) and multiple 
identical (70, 71) or heterogeneous (72, 73) sensing elements closely 
packaged in an elastomer structure. Details on the state of the art on 
multimodal sensing can be found in note S1. To have a multimodal 
sensing capability (i.e., the capability of detecting or decoupling dif-
ferent types of stimuli applied to the sensor at the same time) in the 
above structures, multiple sensing elements, whether they share the 
same mechanism, need to be physically combined together to form 
one sensing structure. This may cause the design and the fabrication 
process to be complex or may increase the size of the structure, as 
shown in the multilayered soft skin sensor with embedded micro-
fluidic channels (11) or the multimodal sensor fabricated of multi-
layered copper-polyimide film electrodes (70).

To overcome these limitations, we propose a multifunctional 
soft sensor capable of detecting single-mode deformation—such as 
stretching, bending, or compression, individually—and decoupling 
those combined modes simultaneously (Movie 1). This multifunction-
ality is possible because three heterogeneous sensing mechanisms—
optoelectronics, microfluidics, and piezoresistivity—are packaged 
in a single compact sensor. The heterogeneity of the three mechanisms 
enables physical sharing of the primary sensing structure without 
interfering with each other, simplifying the design and fabrication 
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of the sensor, and providing a compact form factor. The sensor 
structure can be divided into three parts: a microfluidic channel 
filled with ionic liquid, an elastomer housing, and an outside con-
ductive fabric layer. The ionic liquid channel is used as a microflu-
idic sensor that changes its electrical resistance with deformation 
while it becomes the core of an optical waveguide at the same time 
due to the optical transparency of the liquid. The elastomer housing 
then works as the cladding for the waveguide with a different refrac-
tive index from that of the ionic liquid, enabling total internal re-
flection while providing the soft structure for the conductive fabrics 
to be attached. Because these multiple sensing elements yield differ-
ent output patterns depending on the types of input deformation, 
our sensor is able to detect both single-mode deformations and 
combined deformation modes through analysis of the output patterns. 
In this work, two different analysis methods were used: threshold 
evaluation and machine learning. The threshold evaluation algo-
rithm simply presets the threshold value of each sensor signal and 
rejects the sensor output if it is below the threshold (74, 75). It is sim-
ple and relatively powerful to determine the single-mode deforma-
tion. However, it is not straightforward whether the deforma-
tion is combined with two or more modes. To address this issue, we 
used a machine learning technique based on an artificial neural 
network (ANN) (76, 77) for detecting and decoupling multimode 
deformations. Consequently, the multifunctionality of the proposed 
sensor is suitable as a method for human-robot interfaces and 
for mechanoreception and/or proprioception of soft robots, consid-
ering its structural simplicity and compactness.

The rest of the paper is organized as follows. First, we describe the 
design of the sensing structure composed of three sensing elements—
such as the soft optical waveguide, the ionic liquid channel, and the 
conductive fabric layer—densely packaged in an elastomer body. 
Second, we discuss the working mechanisms of the three sensing 
elements on physical deformations with simulation results. For the re-
sults, we experimentally characterize a single sensor with dif-
ferent input modes. Third, we evaluate the performance of mode 
classification with a simple threshold evaluation method and with an 
ANN-based machine learning technique. In addition, we demonstrate 
the potential applications of the proposed sensor as a method of 
human-robot interfaces, highlighting its multifunctionality. Last, 
we conclude with a discussion and future work.

RESULTS
Design of sensing structure
The design of the proposed sensor uses heterogeneous sensing 
mechanisms that detect changes of light intensity and electrical re-
sistance with three different sensing elements, packaged in a single 
soft sensor, as shown in Fig. 1A: an optical waveguide integrated 
with a LED and a photodiode, a microfluidic channel filled with a 
room-temperature ionic liquid (RTIL), and a conductive fabric layer. 
To integrate all of the elements in a single sensor, a cylindrical fluidic 
channel filled with RTIL is first located at the center of the sensor, 
aligned to the neutral axis. A soft silicone housing encapsulates this 
channel, and the two ends of the channel are equipped with an LED 
and a photodiode, respectively (Fig. 1A, top). The liquid-filled 
channel works as a waveguide, a passage through which the light 
from the LED propagates toward the photodiode, and changes its 
electrical resistance when deformed. On the surface of the wave-
guide, the conductive fabric is attached to all four sides of the hous-

ing, which are electrically connected in parallel to each other 
(Fig. 1A, top). Last, the waveguide and the conductive fabric layer 
are coated with a black nontransparent silicone layer for preventing 
optical disturbances from the ambient light and for physically pro-
tecting the conductive fabric layer and the waveguide (Fig. 1A, bottom). 
The entire structure of the final prototype has a square cross section with 
each side of 10 mm and a length of 70 mm. The core of the wave-
guide has a circular cross section with a diameter of 2.5 mm and a 
length of 66 mm, which is the same as the length of its cladding. The 
cladding has a square cross section with the length of each side of 6 mm. 
Figure 1 (B to D) shows the actual prototype of the proposed sensor.

Heterogeneous sensing mechanisms
Soft optical waveguide
One of the most common mechanisms of optical waveguides is the 
total internal reflection, enabled by the difference of the refractive 
indices of the core and the cladding materials, which has been typi-
cally used in fiber optics. The total internal reflection occurs when 
the input angle of the light from the source to the boundary of the 
core is larger than the critical angle. As long as the refractive index 
of the cladding is smaller than that of the core, the light emitted 
from the LED can propagate to the photodiode through the core by total 
internal reflection. Then, the light intensity can be measured by the 
photodiode. When the sensor is physically deformed, however, the 
amount of the transmitted light is reduced because of the frustration 
in total internal reflection, resulting in optical power loss. Conse-
quently, we can detect the changes of the voltage drop in the photodiode.

In our design, the medium materials of the core and the cladding 
are RTIL and elastomer, respectively. The refractive index of the 
RTIL (1-ethyl-3-methylimidazolium ethyl sulfate, Alfa Aesar) (n = 1.48) 
is larger than that of the silicone elastomer (SORTA-Clear 12, 
Smooth-On) (n = 1.41) for the cladding, which is enough to create 
the total internal reflection, as shown in Fig. 1E (i). The low attenu-
ation rate of the RTIL due to the optical transparency also facilitates 
optical transmission. Because any type of physical deformation can 
cause enough frustration in optical transmission of the waveguide, 
the optical signals are sensitive to all three deformation modes of 
stretching, bending, and compression.
Ionic liquid channel
The waveguide core can also be used as a microfluidic channel for 
detecting physical deformation, such as strain or compression, because 
the RTIL is electrically conductive. The liquid channel changes its 
electrical resistance based on the geometrical changes in length or 

Movie 1.  Summary of heterogeneous sensing mechanisms for a soft multi-
functional sensor. 
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cross-sectional area when stretched or 
locally compressed, respectively, as illus-
trated in Fig.  1E  (ii). However, pure 
bending does not change the channel’s 
length, and the resistance will consequently 
remain the same during bending because 
the liquid channel is located along the neu-
tral axis. Therefore, the RTIL channel is sen-
sitive to stretching and compression only.
Conductive fabric layer
The conductive fabric used in our sensor is 
a silver-plated knitted fabric, fabricated 
by weaving silver (Ag)–coated nylon fi-
bers with a pattern in a particular direc-
tion (Fig. 1E, iii, and see fig. S1, i). The 
conductivity of the fabric is affected by 
the amount of contacts between the ny-
lon fibers. The stretching direction also 
affects the conductivity depending on 
the shape of the pattern of the fibers. 
The fabric layer is laminated on the sur-
face of the elastomer cladding of the 
waveguide along the length in our sen-
sor. A decrease in angles between fibers 
also causes larger contact areas in the 
fibers. As a result, the overall electrical 
resistance of the fabric layer decreases 
when stretched. The resistance of the 
fabric layer decreased by 52% from the 
initial state when it was stretched to 50% 
(see fig. S1, ii). However, the contact 
angles of the fibers decrease only in a 
small area when the fabric was locally 
compressed, resulting in a slight change in 
the overall resistance. The resistance of 
the fabric layer decreased by only 6.1% 
from the initial state when a local pressure 
of 110 kPa was applied to an area of 
50.27 mm2 (see fig. S1, iii). This change is 
not negligible but small enough to be 
rejected in our algorithms of mode clas-
sification. When the sensor is bent, only 
one of the four sides of the fabric layer 
shows a slight decrease in its resistance 
due to compressive stress, resulting in a negligible change in the 
overall resistance. Therefore, the conductive fabric layer is only sen-
sitive when the sensor is stretched.
Simulation of three sensing mechanisms
We conducted simulations on mechanical, electrical, and optical 
responses to three deformation modes of stretching, bending, and 
compression, using a commercial finite element analysis (FEA) 
software package (COMSOL Multiphysics) to verify the mecha-
nisms of the proposed sensor before fabrication (see fig. S2 and 
movie S1). According to the simulation results, the change in light 
intensity was sensitive to all three deformation modes (see fig. S2A, 
i to iii). The RTIL channel was responsive to both stretching and 
compression but not to bending (see fig. S2B, i to iii). The conduc-
tive fabric layer showed sensitivity only to stretching (see fig. S2C, i 
to iii). These distinctive output patterns depending on the deforma-

tion types, therefore, verify the feasibility of decoupling multiple 
deformation modes, as shown in Fig. 1F (i to iv).

Sensor characterization
Single-mode deformation test
The sensor prototype was individually characterized with three dif-
ferent deformation modes: (i) stretching, (ii) bending, and (iii) local 
compression (see fig. S3 and movie S2 for the single-mode deformation 
tests). The output signals were normalized (dV/V0, df/f0, and dV/V0 
for stretching, bending, and compression, respectively) so that the 
sensitivities to different deformations can be easily compared.

The sensor was first stretched up to 50% (33 mm) from its original 
length (66 mm), as shown in fig. S3 (i). Figure 2A shows the sensor data 
of 10 test cycles. Among the three sensing elements in the prototype, 
the optical sensing showed the highest output of +1.04 (dV/V0) at the 

Fig. 1. Design and sensing mechanisms of the proposed multifunctional soft sensor. (A) Soft sensor design with 
key components for three different sensing elements. (B) Soft optical waveguide composed of elastomer cladding 
and liquid core of RTIL. (C) Conductive fabric layer laminated to the waveguide. (D) Final prototype of the proposed 
soft sensor. (E) Working principles of three sensing elements: (i) optical sensing by total internal reflection of soft 
waveguide (n, refractive index), (ii) principle of RTIL sensing based on the movements of ions, and (iii) principle of 
conductive fabric sensing based on the angle of the fibers. (F) Output signal pattern for different deformation modes: 
(i) initial (no deformation), (ii) stretching, (iii) bending, and (iv) compression. The magnitudes of the bars are qualita-
tive representations of different signal patterns for different input deformation modes.
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maximum strain of 50% (Fig. 2B). The nonlinearity of the optical 
sensing was 16.25% (Fig. 2C). The outputs of the RTIL channel (df/f0) 
and the conductive fabric (dV/V0) were −0.51 and −0.62, respectively, at 
the maximum strain. The outputs from all three sensing elements also 
showed high repeatability during the cyclic test (see fig. S4A).

For the bending test, the sensor was bent by pushing the two 
ends using the test setup in fig. S3 (ii). The free-rotation joints of the 
holders at the two ends enabled the pure bending of the sensor. The 
displacement of each end was 25 mm toward the center of the sen-
sor. The result for the range of curvature from 0 to 0.05 mm−1 with 
10 cycles is shown in Fig. 2D. The optical sensing showed the highest 
output of +2.43 (dV/V0) with the maximum bending curvature 
( = 0.05 mm−1) (Fig. 2E). The nonlinearity of the optical signal was 
26.82% (Fig. 2F), which was larger than that from the stretching test. 
The outputs of the RTIL channel (df/f0) and the conductive fabric 
layer (dV/V0) at the maximum curvature were +0.01 and −0.23, re-
spectively (Fig. 2E). It can be noted that the sensitivity of the RTIL 
sensing is almost zero, as expected because pure bending hardly 
changed the resistance of the liquid channel. All three sensor out-
puts were reliable during the cyclic bending test as well (fig. S4B).

The compression test was conducted using a cylindrical indenter 
with a flat contact surface (diameter, 10 mm) fabricated by three-

dimensional (3D) printing and a commercial load cell (RFT60-HA01, 
ROBOTOUS), as shown in fig. S3 (iii). The indenter applied a local 
pressure from 0 to 292 kPa by deforming the middle area of the top 
surface of the sensor with a displacement of up to 5 mm. The sensor 
output from 10 cycles of compression is shown in Fig. 2G. The 
optical sensing showed a high nonlinearity of 36.3% and an expo-
nential loading-unloading loop with hysteresis (Fig. 2I), commonly 
observed in most microfluidic soft sensors (78–80). The output 
from the optical sensing (dV/V0) was +5.27 at the maximum pres-
sure of 292 kPa (Fig. 2H). The sensitivity of the optical sensing sub-
stantially increased. The outputs of the RTIL channel (df/f0) and the 
conductive fabric (dV/V0) were −0.97 and −0.06, respectively. The 
RTIL signal changed almost up to the saturation level, whereas the 
output level of the conductive fabric was almost negligible, because 
a local compression in a small area of the fabric did not contribute 
to the change of the overall resistance. The sensor outputs were re-
liable during the cyclic test (fig. S4C).

The normalized output values of the three sensing elements were 
compared for each deformation mode when the output of the optical 
sensor was 1. The sensor outputs of the RTIL channel and the con-
ductive fabric were −0.50 and −0.60 for stretching, 0.02 and −0.10 
for bending, and −0.33 and −0.04 for compression, respectively. 

Fig. 2. Characterization results of the proposed soft sensor for single-mode deformations. (A) Tensile test result of loading-unloading loops for 10 cycles. (B) Close-
up view of a single cycle from the tensile test result. (C) Normalized sensor output of the single tensile test cycle versus strain. (D) Bending test result of loading-unloading 
loops for 10 cycles. (E) Close-up view of a single cycle from the bending test. (F) Normalized sensor output of the single bending test versus curvature. (G) Compression 
test result of loading-unloading loops for 10 cycles. (H) Close-up view of a single cycle from the compression test. (I) Normalized sensor output of the single compression 
test versus pressure.
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The optical sensor was sensitive to all three deformation modes. 
However, the RTIL channel was sensitive to stretching and com-
pression but not to bending, and the conductive fabric was sensi-
tive to compression only. The characterization results confirm 
that all three deformation modes can be detected by analyzing the 
output patterns.
Multimode deformation test
We tested the sensor with multimode inputs as well, as shown in 
Fig. 3. Each test was conducted by applying two or all three defor-
mation inputs (i.e., stretching, bending, and compression) to the 
sensor at the same time (see movie S3).

For simultaneous stretching and compression, the sensor was 
first stretched up to the 50% from its original length, and then a 
local contact pressure was applied in the middle of the stretched 
sensor. The stretched state of the sensor created offsets in the output 
signals of the three sensing elements. When the sensor was locally 
compressed, the optical and the RTIL sensing signals showed addi-
tional changes, whereas the conductive fabric signal remained the 
same (Fig. 3A).

For simultaneous stretching and bending, the sensor was bent 
off the neutral axis of a rotational joint. The distance of the sensor 
from the neutral axis of the joint (20 mm) enabled simultaneous 
stretching and bending. All three sensing elements showed responses 
similar to those from the stretching test (Fig. 3B). Although the sen-
sor was stretched only up to 23% in this test, the magnitude of the 
output signal from the optical sensor was almost as large as that of 
50% strain in the single-mode test due to the superposition of two 
output signals from the two deformation modes.

For simultaneous bending and compression, the sensor was first 
rotated on the neutral axis of a rotational joint, and then a local 
contact pressure was applied. Only the optical sensing showed an 
offset in the output from bending in this test. With compression, 
the optical and the RTIL sensing signals showed changes, whereas 
the signal from the conductive fabric remained the same (Fig. 3C).

To apply combined inputs of all three deformations, the sensor 
was first bent off the neutral axis of a rotational joint, and then a 
local contact pressure was applied. All three sensing signals showed 

offsets in the output with the com-
bined input of stretching and bend-
ing. When an input of compression was 
added, the optical and the RTIL signals 
showed additional changes, whereas the 
conductive fabric signal remained the 
same (Fig. 3D).
Calibration of optical sensor signal
Because the optical signal was respon-
sive to all three deformation modes and 
more sensitive than the other two sig-
nals, it was used to estimate the magni-
tude of each deformation mode. An 
experiment was conducted to calibrate 
the magnitudes of the three deforma-
tions with the optical signals (fig. S5). 
The mean values with the SD bars of 
five trials for each deformation are 
provided in fig. S5, and the sensor char-
acteristics (linearity, accuracy, and sen-
sitivity) are summarized in table S1.
Effect of localized deformation

In the case of bending or compression in which the deformation is 
concentrated on a local area, the location of the deformation can 
affect the output sensitivity of the sensor signal. Additional bending 
and compression tests were conducted to characterize the influ-
ence of deformation locations on the output signals. Bending and 
compression were separately applied at the center of the sensor and 
at a location 15 mm away from the center (see fig. S6). In this experi-
ment, the curvature was applied up to 0.04 mm−1, and the pressure 
was applied up to 230 kPa. In both bending and compression, the 
magnitude of the optical signal was larger when the deformation 
location was close to the end of the sensor than when it was at the 
center. However, the output signals did not show substantial differ-
ences in the cases of the ionic liquid and the conductive fabric (see 
fig. S7). Although the sensitivity of the optical signals changed de-
pending on the locations, the general output patterns of the three 
sensing elements were not affected by the deformation locations.
Temperature sensitivity
The conductivity of an ionic liquid varies depending on its tem-
perature (81–84). Experiments were conducted to confirm the in-
fluence of temperature on the output of the ionic liquid sensor. The 
results confirmed that temperature compensation may be necessary 
when the ambient temperature is higher than 40°C (see note S2 and 
figs. S8 and S9).

Classification of deformation modes
Single-mode deformation
We tested two different algorithms, based on a simple threshold 
evaluation and on machine learning with an ANN, for detecting each 
deformation mode. (Details on the process of these methods are de-
scribed in Materials and Methods, Fig. 4A, and figs. S10 and S11.)

Figure 4B shows the sensing signals obtained by stretching, 
bending, or compressing the sensor prototype and the estimated 
deformation states through the threshold evaluation algorithm (see 
movie S4). The algorithm found correct deformation states most of 
the time during the test. However, it sometimes showed errors for a 
short period at the boundaries of the events. For example, there is a 
delay in estimating the state, although the optical sensing already 

Fig. 3. Characterization results of multifunctional sensing with combined deformation modes. (A) Stretching 
and compression. (B) Stretching and bending. (C) Bending and compression. (D) Stretching, bending, and compression.
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started responding to bending because the signal level is still lower 
than the threshold value (Fig. 4B, i). In addition, Fig. 4B (ii to iii) 
shows incorrect state estimation at the ends of the stretching events, 
because the signal from the conductive fabric reached the threshold 
value ahead of those from the optical and the RTIL sensing as the 
strain decreased. We noticed that the performance of a state estima-
tion could be different depending on the sensitivity of each sensing 
element and the level of the threshold from the result.

Figure 4C is the result of using machine learning, showing a 
higher performance in estimating the input states (see movie S4). 
The difference from the threshold evaluation is that there was an esti-
mation error at a boundary (Fig. 4C, i) and also in the middle of a state 
(Fig. 4C, ii) due to the sudden decrease in the signal from the conduc-

tive fabric. However, the ANN with all three sensing outputs estimated 
the input states with high accuracy in general, as shown in Fig. 4D.

We also tested the two algorithms only with two output signals 
to check the feasibility of fault tolerance. With the optical and the 
RTIL sensing signals only, the ANN showed high accuracies over 
93% for estimating stretching and bending but a low accuracy for 
compression below 50% (Fig. 4E). The estimation accuracy for 
compression increased over 82% when the RTIL signal was replaced 
with the conductive fabric signal in the network (Fig. 4F). However, 
the threshold algorithm was not able to detect one of the three de-
formation states in either case. Stretching was not detected at all with 
optical and RTIL sensing only (Fig. 4G). The accuracy for estimating 
bending was only slightly over 22% when the optical and the conductive 

Fig. 4. Classification results of single-mode deformation sensing. (A) Overall process of deformation mode classification. (B) State estimation based on threshold 
evaluation. (i) to (iii) show errors at the boundaries of estimations. (C) State estimation using machine learning based on ANN. (i) and (ii) show errors at the boundary 
and in the middle of estimations, respectively. (D to H) Accuracy comparisons of state estimations for different combinations of multimode deformations using machine 
learning or threshold evaluation. Init, no deformation; Str, stretching; Bnd, bending; Comp, compression.
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fabric signals were used (Fig. 4H). We did not test the case when the 
optical signal was missing, because the optical sensing is responsive to 
and shows the highest sensitivity for all three deformation modes.
Multimode deformation
Because the output patterns for all three deformation modes are 
independent of each other, as shown in Figs. 1F and 2, we can de-
couple the combined deformation modes. However, the fact that 
not all the sensor signals are linear complicates the problem of de-
coupling and does not provide a simple solution by matrix calcula-
tion. Therefore, we decided to use a machine learning technique for 
the classification of multimode deformations. Figure 5A shows the 
estimated results for eight different deformation states (initial state: 
no deformation, three single-mode deformations, and four multi-
mode deformations). In all cases, state estimations were highly ac-
curate and reliable. The estimation accuracies were always over 
95% (Fig. 5B). Movie S5 demonstrates the capability of detecting 
multimode deformations in real-time using the ANN-based machine 
learning algorithm. An additional test was conducted to check 
whether the sequence of deformations can affect the classification 
performance in multifunctional sensing. The result showed that 
classification accuracies were high and reliable regardless of the se-
quence of deformations if all deformation sequences were trained 
(see note S3 and fig. S12).

Applications for human-robot interface
To demonstrate the potential of the proposed sensor as a method 
for human-robot interfaces, we constructed two types of robotic 
systems integrated with sensor prototypes, as shown in fig. S13. The 
first system shows wearable devices (see fig. S14 and movie S6) for 
remotely controlling robots. The other is a soft robot that can detect 
deformation caused by its own actuation and external stimuli. Only 
one sensor is enough to control the system or detect deformation, 
because a single sensor had the capability to detect or represent 
multiple degrees of freedom (DoFs).
Wearable controller for robots
A pair of wearable sensing devices was prepared by attaching a sen-
sor to the top side of a fabric wrist brace for each device (see fig. 
S15A) for detecting flexion (stretching) and yaw rotation (bending) 
of two wrists. Threshold evaluation was used to classify deformation 
modes. Flexion is detected by simultaneous stretching and bending 
of the sensor, whereas yaw rotation is detected by pure bending. 

When added by a compression mode in each device, 10 combination 
input modes in total are possible. We used 8 of the possible 10 modes 
(see fig. S15D) for remotely controlling a commercial robot arm 
with a gripper (RM-X52-TNM, ROBOTIS; see fig. S15B) for a task 
of picking up and moving an object to a target location (movie S7). 
In this system, yaw rotations of the left and the right wrists make the 
robot move to the left (Fig. 6, i) and to the right (Fig. 6, iii), respec-
tively, and flexion of each wrist moves the robot either forward or 
backward. The compression on the sensor was used for moving the 
robot up and down (Fig. 6, ii and v, and gripping and releasing the 
object were conducted by flexing (Fig. 6, iv) and extending (Fig. 6, vi) 
both wrists at the same time, respectively. We used the same wear-
able controller to remotely control a small uncrewed aerial vehicle 
(sUAV) (CoDrone II Pro, Robolink) (see figs. S15, C and D, and S16 
and movie S8). The task of taking off, moving in different direc-
tions, and landing of the sUAV was successfully carried out, as 
demonstrated in fig. S16 (i, ii to vii, and viii), respectively.

In addition, we implemented another wearable controller capa-
ble of measuring elbow angles to remotely control a robotic arm 
(UR5e, Universal Robots) that followed one-DoF elbow motions 
based on the calibrated optical signal, as shown in Fig. 7 (i) (see fig. 
S15, E to G). The sensor was able to estimate the wearer’s elbow 
angle, and the robotic arm successfully tracked the wearer’s mo-
tions. Furthermore, when an external contact was applied to the 
sensor, the system was able to effectively reject it. Thus, the motion 
of the robotic arm was not disturbed by the unwanted input signal, 
based on the deformation modes identified by the ANN-based 
machine learning algorithm, as shown in Fig. 7 (iii). This result con-
firms that the multifunctional sensing capability of the proposed 
sensor can be used to prevent the robot from malfunctioning by 
accidental unwanted inputs (see movie S9).
Interactive soft robotic manipulator
We implemented our sensor to a custom-built multi-DoF soft ro-
botic wrist composed of four pneumatic origami muscle actuators 
(POMAs) (85), as shown in Fig. 8A. The robotic wrist was able to 
bend in different directions by pressurizing one or two POMAs and 
also extend its length when all four actuators are pressurized simul-
taneously. In this system, we placed our sensor in the middle of the 
four actuators, aligning it to the neutral axis so that the sensor can 
detect both bending and extension of the manipulator with different 
pressure inputs using threshold evaluation. In addition, the sensor 

Fig. 5. Results of multifunctional sensing. (A) Estimation result using machine learning for eight different combinations of multimode deformations. (B) Estimation 
accuracies of all eight deformation modes.
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was able to detect external forces applied to the robot because the 
soft structure can transmit the force to the sensor located inside. The 
results of sensing tests are shown in Fig. 8 (B to D) (see movie S10).

DISCUSSION
The main contribution of this work is the design and fabrication of 
a multifunctional soft sensor and its potential applications in the area 
of human-robot interaction and interfaces. Furthermore, we feel 
that the method of packaging heterogeneous sensing mechanisms 
in a single sensor structure is different compared with prior designs. 
Although there have been soft sensors proposed by different groups 
for multimodal sensing, the main idea of their mechanisms is to 
integrate multiple identical sensing elements with different config-
urations into one sensor, resulting in complexity in design and in 
fabrication (11, 70). However, in our design, three heterogeneous 
sensing mechanisms were packaged in a single sensor. The hetero-
geneity enabled the three mechanisms to physically share a single 

structure for sensing, allowing for simplicity in design and fabrica-
tion and providing the compact form factor. This advantage be-
comes clearer when the proposed mechanism is compared with 
other methods of fabricating multimodal sensors in previous re-
search (11, 69, 70). The proposed sensor has a substantially higher 
number of modalities with a similar or a smaller number of fabrica-
tion steps as summarized in table S2. The table S2 also shows that 
other methods require special care and equipment.

Despite the advantages of the proposed design, there is still room 
for further improvement. First, the current manufacturing process 
involves manual steps for placing electronic components and in-
jecting the liquid conductor, which sometimes cause variations in 
the performance and the quality of the prototype, and requires a 
thorough calibration process for each sensor, which is time con-
suming. An automated manufacturing process, such as direct pat-
terning of liquid conductors (12, 68, 86) or embedded 3D printing 
(18, 87, 88), will be highly useful to increase the uniformity of the 
product in this case. Furthermore, a transfer learning technique 

Fig. 6. Remote control of a robot arm with a gripper for different manipulation tasks and the corresponding sensor data. Two wearable devices were used to provide six differ-
ent input modes necessary to move the robot and to pick up and release the object: (i) move left, (ii) move down, (iii) move right, (iv) gripper close, (v) move up, and (vi) gripper open. 

D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 26, 2026



Kim et al., Sci Robot. 5, eabc6878 (2020)     16 December 2020

S C I E N C E  R O B O T I C S  |  R E S E A R C H  A R T I C L E

9 of 13

(89) can be used for calibrating multiple sensors with variations 
more efficiently, which will save a considerable amount of time 
and resources when compared with traditional calibration meth-
ods.

Optimization of design parameters is another area to focus on in 
the next stage. During testing, we found that parameters, such as the 
diameter of the waveguide, the thickness of the optical cladding, 
and the distance between the LED and the photodiode, have sub-
stantial influences on the performance of each sensing element. In 
this case, optimal parameter values can be found using methods of 
morphology optimization (90) and model-based computation (91), 
previously demonstrated for designing soft robotic grippers and 
proprioceptive soft robots, respectively.

We would also like to extend the capability of multifunctional 
sensing. Although the proposed sensor can detect eight different 
deformation modes composed of three individual modes (stretch-
ing, bending, and compression), the detection of additional input 
modes will always be useful if it does not complicate the design too 
much in the aspect of human-robot/machine interactions. One 
deformation mode that we are immediately interested to add is 
twisting, because torque is one of the most common forms of phys-
ical stimuli that humans can apply to devices. The conductive fabric 
layer located on the outside surface will be mostly affected by twist-
ing caused by a pure torque. However, there will not be substantial 
changes in both optical and ionic liquid sensing. If we use the aniso-
tropic property of the weaving pattern of the fabric, it will be even 
possible to detect the direction of the torque, as discussed in multi-
dimensional strain sensors (92, 93).

Another area of future work is to address the influence of the 
deformation locations, shown in fig. S7. Although it was confirmed 
that it was still possible to classify the deformation modes despite 
the fact that the location of deformation was changed, the estimated 

magnitude might not be the same. Pos-
sible solutions include embedding the 
sensor in the body of a soft robot and 
exposing only a specific area of the sen-
sor to contacts or encapsulating the op-
tical components with a rigid material. 
In this way, consistency in deformation 
can be structurally guaranteed.

Therefore, our future work includes 
the development of an automated fabri-
cation process to minimize the manufac-
turing tolerances, the optimization of the 
design parameters for each sensing mecha-
nism for maximizing the performance 
of the sensor, the extension of the sens-
ing modalities with additional modes such 
as twisting, and addressing the influence 
of the deformation locations to improve 
consistency in deformation.

MATERIALS AND METHODS
Fabrication of sensing structure
The proposed sensor can be easily fab-
ricated by a simple molding and casting 
process by virtue of its structural sim-
plicity. The body of the waveguide was 

fabricated by casting liquid silicone elastomer (SORTA-Clear 12, 
Smooth-On) in a 3D printed (Objet30 Prime, Stratasys) mold. An alu-
minum shaft was placed at the center of the mold as an inner mold 
to form a hollow channel before pouring the elastomer (fig. S17A). 
Once the body cured, an LED (3R4UC8-02, HSUKWANG) 
and a photodiode (ST-3811, AUK) were inserted and glued at the 
ends of the channel, closing the open ends (fig. S17B). The hollow 
channel was then filled with RTIL (1-ethyl-3-methylimidazolium 
ethyl sulfate, Alfa Aesar) using syringes, and signal wires were 
connected (fig. S17, C and D). The next step is the lamination of a 
conductive fabric layer (Medtex P130, V Technical Textile Inc.) out-
side the elastomer body (fig. S17E). Last, holders at both ends for 
testing and the cover layer of the sensor were formed with different 
elastomers (SORTA-Clear 40 and Ecoflex 00-30, respectively, 
Smooth-On) (fig. S17, F and G). Both materials are nontransparent. 
A final prototype of the proposed multifunctional soft sensor is shown 
in fig. S17H.

Simulation environment
We ran an FEA simulation on mechanical, electrical, and optical 
responses of the proposed sensor corresponding to each physical 
deformation (stretching, bending, and compression) using a com-
mercial FEA software package (COMSOL Multiphysics).

To apply stretching deformation to the waveguide structure, 
shared by the ionic liquid channel, one end of the structure was 
fixed, and the other end was pulled along the length of the sensor 
until the strain reached 50% of the initial length (66 mm). For bend-
ing, moments were applied to both ends until the curvature of the 
sensor reached 0.05  mm−1. For compression, the bottom surface 
was fixed, and a local contact pressure up to 110 kPa was applied to 
the top surface of the structure. In the case of the conductive fabric 
layer, the same stretching, bending, and compression deformations 

Fig. 7. Remote control of a commercial robotic arm using elbow joint motions calibrated by the optical signal. 
(i) Proposed soft sensor worn on the elbow in the initial state. (ii) Robotic arm after the flexion motion of the elbow. 
(iii) Robotic arm does not change its position although the sensor was compressed.
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were applied to a simplified 3D model of the fabric with the same 
conditions for the optical and ionic liquid responses (see note S4 for 
more details on the simulation methods).

Readout circuit
A custom-designed sensor readout cir-
cuit was prepared for the experiments 
(see fig. S18 and note S5). The electrical 
system can be broken into three parts: a 
waveform generator, three sensing ele-
ments, and a data acquisition unit. The 
AC waveform generator was necessary 
for measuring the signal from the ionic 
liquid channel. If a DC is applied to the 
channel, electrolytic polarization oc-
curs at the metallic electrodes, because 
the conductivity of the liquid channel is 
formed by the movements of ions in the 
solution. This will result in the loss of 
conductivity as the ions in the liquid are 
electrolyzed. An AC input signal was, 
therefore, applied instead to prevent 
electrolysis.

Test setups for characterization
Single-mode deformation
An automated sensor testbed was built 
using a motorized three-axis (x-y-z) stage 
for characterizing single-mode defor-
mation (fig. S3). The testbed had three 
testing modules for stretching, bending, 
and compression tests, individually, which 
facilitated collecting data from the sen-
sors with controlled speeds and setting 
the number of test cycles. To minimize the 
error caused by slip during testing, the 
holders at the ends of the sensor were 
firmly clamped at the jigs. The stage 
moved at 2 mm/s for all tests, and the 
sensor data were collected for 10 cycles 
in each test. Repeatability and durability 
were also evaluated by loading-unloading 
testing with 200 cycles for each sens-
ing element.
Multimode deformation
For the characterization of multimode 
deformation sensing, another automated 
testbed was prepared and installed in 
the same motorized stage with addi-
tional test modules (fig. S19). The de-
formation of combined stretching and 
compression was created by applying a 
local contact pressure up to 573 kPa to 
the sensor that was already stretched by 
50% (fig. S19A). Deformation of the 
combined stretching and bending mode 
applied by the setup (fig. S19B) generated 
strain and curvature up to 23% and 
0.020 mm−1, respectively. For this com-
bined bending and compression testing, 

the sensor was compressed up to 238 kPa after it was purely bent with a 
curvature of 0.025  mm−1 without stretching (fig. S19C). Last, the 
deformation with all three modes combined was created by locally 

Fig. 8. Multi-DoF soft interactive robot. (A) Design of the robot composed of four pneumatic actuators and a single 
soft sensor. (B to D) Different deformation modes by self-actuation as well as human inputs and corresponding sen-
sor data.
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compressing (up to 238 kPa) the prestretched and prebent (23% and 
0.020 mm−1, respectively) sensor (fig. S19D).

Classification algorithms
Single-mode deformation
It is possible to distinguish the types of input deformations to the 
sensor based on different output signal patterns. Three different de-
formation modes were estimated (0, initial; 1, stretching; 2, bending; 
and 3, compression) using a simple algorithm based on threshold 
evaluation (see fig. S10 and note S6).

A machine learning algorithm based on an ANN (see fig. S11 
and note S7) was also implemented to estimate the types of input 
deformations. The training data were collected by stretching, com-
pressing, and bending the sensor in random ranges of strain, pres-
sure, and curvature, respectively, for 50 cycles. Additional trials were 
then performed to collect the test data. The reference of the defor-
mation states for the training and the test datasets was determined 
with the state results estimated by the above threshold evaluation 
algorithm.
Multimode deformation
Although the threshold evaluation method was accurate enough to 
estimate the deformation states for single-mode deformation sens-
ing, it was not able to effectively decouple combined deformation 
modes. Therefore, the ANN-based machine learning method was 
used. The architecture of the ANN model had one more hidden layer 
than that used for single-mode sensing, and the parameter values 
were reset (see note S8).
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